The conductive and capacitive material properties of the subsurface can be quantified through the frequency-dependent complex resistivity. However, the routine three-dimensional interpretation of voluminous induced polarization (IP) data sets still poses a challenge due to large computational demands and solution non-uniqueness. In this work, we propose a flexible methodology for three-dimensional (spectral) IP data inversion. Our inversion algorithm is adapted from a frequency-domain electromagnetic (EM) inversion method primarily developed for large-scale hydrocarbon and geothermal energy exploration purposes. The method has proven to be efficient by implementing the non-linear conjugate gradient method with hierarchical parallelism and by using an optimal finite-difference forward modeling mesh design scheme.
Introduction
The induced polarization (IP) method was originally developed for mineral prospecting of ironsulfide (FeS) formations because of strong polarization phenomena at the interface between metallic minerals and pore fluids (e.g., Sumi, 1959; Madden and Cantwell, 1967; Van Voorhis et al., 1973; Pelton et al., 1978) . For a large class of sulfide deposits and other mineral types that represent electronic conductors, for example magnetite and graphite, the IP method provides a strong indicator. The use of the IP effect to predict hydraulic properties (e.g., Vacquier et al., 1957 ) is more indirect and thus ambiguous than in sulfide mineral exploration. Therefore, only recently, i.e. during the last decade, has the IP method gained popularity in field-scale environmental and engineering applications. Utilized is the sensitivity to lithologic parameter changes, such as hydraulic conductivity, surface area, and grain size (Bӧrner et al., 1996; Slater and Lesmes, 2002) , as well as to pore solution chemistry and microscopic structure (Kemna et al., 2000; Hӧrdt et al., 2007; Williams et al., 2009) . The ambiguity in interpreting IP effects stems from different types of polarization effects which furthermore exhibit a frequencydependence. We refer the reader to a recent work by Revil and Florsch (2010) for a comprehensive research overview of the governing mechanisms and the related efforts of other authors. Recent works indicate that the main IP contribution related to hydraulic parameters, in the absence of metallic minerals, comes from polarization of ions within the Stern layer, the inner portion of the electrical double layer coating the surface of the minerals (Revil and Florsch, 2010 , and references therein).
Utilizing the frequency dependence of polarization mechanisms increases the informative value of IP data by additional phase lag information, measured between a voltage sinusoid and an impressed current sinusoid. Spectral IP (SIP) responses are a complex function of pore solution chemistry, surface chemical properties, and microscopic structure. Finding one macroscopic parameter for these properties, which describes both conductive and capacitive properties of a material, leads to the complex electrical conductivity ( ), or the reciprocal ( ), the complex resistivity (CR). Expressed in terms of a magnitude and phase, or by real and imaginary parts, one has (i=imaginary unit)
The real component represents current flow in phase with the injected source field. The imaginary (also referred to as quadrature) conductivity is one of the commonly used normalized IP parameters and is derived from the field IP parameter phase, , by
. The imaginary conductivity relates to the current component out of phase by 90
degrees with the source current.
Most related studies about physiochemical parameters controlling complex conductivity responses of rocks and soils have been performed at the laboratory scale (Bӧrner et al., 1996; Ulrich and Slater, 2004; Williams et al., 2005) . Field-scale surface SIP measurements for complex tasks such as monitoring biogeochemical processes have only recently been utilized (Williams et al., 2009) . Challenges are given by geologically complex situations and time variant parameter changes. Owing to these complexities, it has been understood that it is important to take the three-dimensionality of the Earth into account in order to minimize the errors introduced by assuming one-or two-dimensional models. Despite a lot of recent progress in the field of surface IP data acquisition and inversion (Kemna and Binley, 1996; Kemna et al., 2000 , Weller et al., 2000 Loke et al., 2006) , key problems remain to be the typically large computing demands of 3-D inversions and the non-uniqueness problem given by the highly parameterized 3-D models.
Most inversion algorithms for IP data have underlying forward solutions that assume negligibly small inductive effects (Oldenburg and Li, 1994; Shi et al., 1998; Yang and LaBreque, 2000; Kemna, 2000) . These approaches imply sufficiently low measurement frequencies. Higher frequencies, as well as higher conductivities and larger transmitter-receiver electrode separations, introduce an inductive component which is superimposed on the IP effect of interest and is referred to as electromagnetic (EM) coupling. In general, for two electrode circuits at the Earth's surface, their mutual impedance Z as a function of angular frequency  is defined as the ratio Z(ω)=U 2 (ω)/I 1 (ω), where U 2 refers to the voltage in the secondary circuit (potential electrodes),
and I 1 refers to the alternating current in the primary circuit (current electrodes). Z(ω) consists of a CR contribution owing to the Earth's polarization, the desired signal, and an induced coupling component between the primary and secondary circuits. Traditional approaches treat the inductive portion of IP measurements as noise, and hence its removal may be a loss of useful information. Furthermore, the removal necessitates additional data processing steps. Much effort has been put into the development of algorithms, involving both empirical and physics-based models, that separate inductive coupling responses from CR observations (e.g., Wynn and Zonge, 1975; Song, 1984; Routh and Oldenburg, 2001; Ingeman-Nielsen and Baumgartner, 2006 ). An alternative demonstrated in this work consists of incorporating EM coupling directly into SIP data simulations at the expense of higher computational costs.
The present study aims at further advancing the methodological framework available for interpreting field-scale SIP measurements. We have adapted a finite-difference (FD) imaging algorithm for controlled-source EM data, introduced in an earlier work , to handle 3-D SIP data inversion. A hierarchical parallel implementation addresses the large computing demands and makes efficient use of multi-processor computers as they are becoming more common for scientific applications. The algorithm further features a computationally efficient grid separation scheme, which allows the design of optimized FD grids for accelerated forward modeling solutions. The underlying forward operators can be chosen to either solve the full Maxwell equations or the Poisson equation for complex conductivity which covers a broad range of applications. Treating Maxwell's equations in the forward problem enables the inversion of SIP data for complex resistivity taking EM coupling effects into account.
After briefly introducing the forward and inverse modeling framework, we introduce a method of vertical resolution enhancement using a depth weighting scheme. Depth weighting functions have for example been applied successfully to inverse problems for static potential field data (Li and Oldenburg, 1998) . In the present work we experiment with applying both depth and lateral weighting directly to the gradient of the inverse solution's objective functional. This method provides a simple way of attenuating the high sensitivities of inversion parameters (in the form of model grid cells) near sensor positions, thus achieving a focusing effect at larger depths. In the following sections, we first demonstrate the benefit of directly inverting EM coupling contaminated data by solving Maxwell's equations in the forward modeling operator. Then, data inversions from the Rifle Integrated Field-Scale Subsurface Research Challenge site (Colorado), a research area for studying the feasibility of bio-stimulated environmental remediation, are presented. The Rifle study examines the image focusing effect of the gradient weighting scheme and further demonstrates the monitoring capability for time-variant complex resistivity anomalies.
Method
The inverse algorithm used in this work involves two methodologies to recover complex conductivity structure from frequency-domain IP data. The first one involves a forward operator which solves the full 3-D Maxwell equations for the electric field, referred to as the EM problem in the following. This approach, while computationally expensive, accounts for EM coupling effects. The second forward modeling operator solves the Poisson equation for a complex potential field, referred to as the DC problem. Although the latter is formally equivalent to solutions to conventional DC resistivity problems, the frequency dependence enters the equation through the complex conductivity. Since EM coupling effects are neglected, this approach is only appropriate when frequencies approach the static limit. Both methods will be applied to imaging problems shown further below.
Only isotropic complex conductivity models will be studied below. However, with the underlying material averaging scheme of the forward modeling operator, outlined in detail in an earlier work , an anisotropic formulation of the forward problem falls in place (Newman et al., 2010) . Therefore, our method also allows simulating fields from an anisotropic complex conductivity distribution.
Forward solution using Maxwell's equations
The inversion approach presented here involves a forward solution of the full 3-D Maxwell equations for the electric field. Solving Maxwell's equation in the quasi-static limit for the vector electric field, E, one has (Newman and Alumbaugh, 2002) (1)
In this formulation, and denote the free-space magnetic permeability and angular frequency, where f is measured in Hz. The complex conductivity is given by the tensor where , , and denote the directional complex conductivities along the three Cartesian coordinates. We define the forward problem as a scattered field formulation for Maxwell's equations, where the total electric field is given by the sum of a background and scattered electric field, . In this case, the source vector J is written as where is the background's complex conductivity tensor, and is the corresponding electric field. Because of computational efficiencies, it is common to use half-space or layered (onedimensional) background models, for which analytical field solutions exist. The scattered field formulation is the preferred way in well-logging applications because of the fact that measurements are usually close to the source (Newman and Alumbaugh, 2002) . Scattered fields have a smoother spatial dependence when source positions are located in the vicinity of anomalous conductivities. In the surface case presented here, the electrode configuration covers only a few tens of meters and thus the same reason applies for using a scattered field solution.
Equation 1 is solved in three dimensions using a FD formulation. Discretizing equation 1 on a staggered FD grid leads to the linear system (2) which is complex symmetric and sparse with 13 non-zero entries per row (Newman and Alumbaugh, 2002) . The right hand side S EM is a discrete scaled representation of the right hand side of equation 1, where one solves for the scattered electric field. We use the QMR (quasiminimum residual) method with Jacobi preconditioning for solving the system. For computational efficiency, the system is solved on distributed computer systems, using the message passing interface (MPI). This is realized by using a FD grid decomposition within a MPI communicator with Cartesian topology. Within this communicator, each parallel task is assigned to a subcube of the 3D mesh underlying equation 2. At another over-arching level, an arbitrarily high number of forward problems can be distributed over a designated number of Cartesian solution communicators .
A limitation to solving the forward modeling problem of equation 2 is the fact that the system becomes increasingly ill-conditioned as frequencies approach the static limit. To address this problem, a class of additional preconditioners has been proposed, which are based on a Helmholtz decomposition of the electric field in the low induction number regime. We refer to the work of Newman and Alumbaugh (2002) and references therein for an implementation of the low induction number preconditioner. This preconditioner type was used for all shown imaging results which solve equation 2 in the forward operator.
Forward solution using Poisson's equation
Without frequency dependence, the electric field is curl-free and thus can be written as , where is a scalar complex potential. The potential field is obtained through solution of the
where J represents the DC source current distribution. Owing to similar reasons as mentioned above, we also employ a scattered field version for the results shown in this work, realized by solving the equation (4) The resulting complex matrix system (5) is solved for the (scattered) complex potential field via a generalized bi-conjugate gradient solver. The scattered field formulation for the potential field utilizes the above mentioned background one-dimensional electric fields, , calculated from the background conductivity distribution .
Inverse solution
A detailed formulation of the EM inverse solution as it is used for the present study is given in an earlier work , and references therein). Here, we outline the basic methodology relevant to treating complex conductivity parameters. The SIP inverse problem is formulated by means of an error function to be minimized, and imaginary (i=2) components of the grid cell conductivities,
To reduce model roughness in three dimensions, W is given by a FD approximation of the Laplacian operator and applied to each model vector component . A balance between data misfit minimization and model regularization is achieved by the regularization parameter λ. The model regularization can in principal be chosen to differ between real and quadrature conductivity in order to account for differing orders of magnitude between and . A typical approach for proper selection of λ consists of a cooling approach (Newman and Alumbaugh, 2002) where one decreases λ successively during the course of several inversion runs until a target misfit is achieved. Extended to complex conductivity, a rigorous approach would involve two cooling approaches for both and , where the other one is fixed. However, all synthetic studies shown below used and provided satisfactory inversion results. Hence, was also chosen for the field data inversions.
In addition to the above mentioned hierarchical parallelization scheme, we achieve additional computational efficiencies by using an optimized grid scheme . In principal, the scheme allows for computing the forward solution on a FD grid which can be independent of the grid defining the model parameter space defining the electrical conductivity distribution. Both the spatial sampling and size of the meshes used for calculating forward solutions can then be adapted specifically to the given source frequencies, profile distances, and spatial measurement intervals. The grid separation algorithm involves a proper conductivity averaging scheme which has been outlined in detail for real-valued conductivities. This material averaging scheme applies in the same way for complex conductivities as outlined for the general case of anisotropic conductivities in the appendix. There, we also provide more details about methodological extensions needed for calculating the objective functional gradient with respect to complex conductivity parameters, generalized for the anisotropic case.
Spatial gradient weighting
A well-known problem in the inversion of geophysical surface measurements is a quickly decaying depth resolution, compared to resolution properties provided by cross-well data. As a result, reconstructed conductivity anomalies may tend to concentrate near the surface. Several aspects aggravate this problem. First, the dipole-dipole configurations typically used in IP measurements do not have strong depth resolution. Moreover, an overestimated contrast between a CR anomaly and its background may result in a smaller than the actual anomaly depth, according to the principle of equivalence (Weller et al., 2000) . Finally, not properly balanced model-smoothing constraints can further weaken the reconstruction of structure anomalies at depth. To counteract this behavior, we experiment with applying a 3-D weighting function to the gradient of the objective functional in equation 6. The scheme works as follows: Before entering the NLCG line-search algorithm, the gradient vector is augmented by a weighting function f such that the alternated gradient has the form .
The weighting function f is chosen in a way that the inherently high sensitivities of the model grid cells near the surface, i.e. in the proximity of receiver electrodes, are damped. In principal, the weighting behavior of this function aims at compensating for the fact that the NLCG method is characterized by less aggressive model updating steps compared to Gauss-Newton schemes, the latter typically used, because computationally feasible, in 1-D and 2-D inversion frameworks.
In addition to depth weighting, the scheme also allows to define a lateral focusing volume for the inversion domain. While a variety of weighting functions may be applied in this way, we propose exponential types of weighting functions defined over a 3-D volume. Considering the vertical coordinate, the desired function behavior for surface measurements is in principle to down-weight the gradient vector near the surface (z=0), in our case defining the top of the vertical inversion domain, by a factor a<1. With increasing depth z>0, f(z) shall approach a value of 1 in order to ease the down-weighting behavior. This can be achieved by combining exponential functions to (9) In our algorithm, the depth range over which ) changes from a to 1, and thus the steepness of the function increase from a to 1, can be chosen by the value of z 1 . The quantity dz is the 
This function has a somewhat reversed behavior of f 1 . As exemplified in Figure 1 (green curve), the choice of z 2 (note again that ) defines the rate at which decreases from to a value of a. Combining these two functions yields as shown by the black curve. The factor s is a scaling factor which ensures that the maximum of is always 1. Such a focusing function behavior is more reasonable along the horizontal coordinates of the inversion domain. Therefore, we combine and with the same sort of function pairs applied to the x and y coordinates, and obtain (11) The 3-D gradient weighting behavior of is exemplified below. Parameter sensitivities usually decay rapidly with depth. In order to avoid down-weighting the gradient components at larger depths, in we simply set z 2 to an arbitrarily large number. Then over the whole vertical imaging domain. In an imaging study below, it is shown how a model sensitivity map may provide guidance for approaching a specific weighting function.
Examples

3-D SIP synthetic data inversion of EM coupling contaminated data
In mining applications SIP measurements have the potential of discriminating mineral types.
Mining surveys often deal with large offsets between transmitting and receiving electrodes, thus inductive coupling effects between the wire layouts may become significant (Dey and Morrison, 1973) . If not properly accounted for, the inability of not being able to distinguish between IP rock responses and EM coupling effects can distort imaging results, particularly if the IP spectrum is dominated by EM coupling contributions. Extensive studies have been carried out to both simulate and correct for EM coupling effects. To quantify the mutual impedance for dipoledipole configurations with respect to dipole separation, dipole length, subsurface conductivity, and frequency, a common measure is the percent frequency effect, or PFE (Dey and Morrison, 1973) ,
where refers to the direct current (low frequency) mutual resistance of the ith data point, and refers to the data point's frequency-dependent mutual resistance, which we calculate using the full EM forward solution (equation 2). Another measure considered will be the corresponding phase difference .
In the following, we demonstrate the necessity of employing the full EM equations in the forward modeling operator when inverting data containing both polarization effects of the subsurface material and significant EM coupling effects. A mineral exploration survey is modeled, with the survey layout with respect to the target anomaly shown in Figure 2 . Five dipole-dipole profiles crossing the anomaly are simulated, where a single excitation frequency of 1 Hz is used. Dipole lengths are 100 m and 50 m for transmitters and receivers, respectively.
Only receiver dipoles that are in line with the transmitter dipoles are considered. The data set to be inverted hence contains 60 dipole sources and a total of N=900 complex data points, contaminated by Gaussian distributed noise with a 3 percent relative magnitude. To have independence from the forward solution employed in the inversion process, the data was generated using a different forward modeling code which uses an integral-equation solution (Newman et al., 1986) . conductivity magnitude (or real part of the complex conductivity). However, the imaginary conductivity image appears greatly distorted, indicating that the solution reaches a local minimum. This was also confirmed by the fact that the NLCG algorithm ended prematurely in the line-search procedure after 92 inversion iterations without being able to reach a further objective functional decrease. The inversion run employing the EM forward solution on the other hand was able to proceed to a preset maximum of 500 iterations ( Figure 5 ). The results demonstrate that the significant inductive portion of SIP measurements in this case has to be taken into account.
3-D SIP field data inversion
The from Rifle data using a finite-element algorithm that solves directly for conductivity magnitude and phase (Kemna, 2000) , with the region of interest represented as a 2-D distribution of magnitude and phase values. The 2-D approach has been a legitimate approximation, because, as will be demonstrated in a sensitivity study below, the data are primarily sensitive to conductivity variations along and beneath the measurement profile, with strongly reduced sensitivity to lateral or broadside variations. In the following, we employ the finite-element method for image comparisons and refer to it as 2-D solution, while our 3-D FD algorithm is referred to as 3-D solution for brevity. The SIP data interpreted in this work were collected in the year 2007.
Although it was found that EM induction effects can dominate the IP spectrum above 10 Hz (Kemna et al., 2000) , accounting for such effects is neglected, given the frequencies of the data (≤4 Hz). For computational efficiency, we therefore neglect EM coupling and solve the scattered field version of the DC problem (equation 4) for the underlying forward problems. The measurement layout is sketched in Figure 6 . Groundwater was pumped from an up-gradient portion of the aquifer into a storage tank and amended with the biostimulating substances acetate and bromide. Ten injection wells, shown in Figure 6 , are oriented orthogonal to groundwater flow direction and were used to inject the acetate and bromide into the aquifer over a period of 31 days. In order to monitor geochemical changes resulting from stimulated microbial activity, groundwater samples were collected at 2-5 day intervals from wells down-gradient from the region of stimulant amendment (wells D01-D12 in Figure 6 ).
Environmental remediation monitoring field site and SIP data collection
Surface SIP data were acquired along two 29 m long transects at five times from August through
November 2007. Figure 6 shows the two profiles, also referred to as Array A and B in the following. Table 1 
Preliminary sensitivity study and synthetic test inversions
To quantify the resolution of the survey geometry given by the Rifle SIP data set, a 3-D sensitivity map is first generated by a model perturbation method. The underlying half-space model is given by the starting model which is used for the field data inversions shown below, and has the conductivities  and the midpoint between Array A and B is less than 1.5 orders of magnitude. These strong sensitivity contrasts typically make structures tend to concentrate near the surface and in the vicinity of the profile line. Below we will demonstrate that the tendency to concentrate conductivity anomalies in areas of high sensitivity can be counteracted by the gradient weighting scheme introduced above.
We first carry out a comparative synthetic data inversion study between our 3-D algorithm and the 2-D algorithm employed in this work. The study intends to verify and illustrate the common trends in the images obtained from two fundamentally different inversion schemes, as we base our field data interpretation below on the common trends obtained from both solutions. For synthetic data creation, the field data electrode configuration as described above is simulated for one array configuration. Here, the concentration of the anomalous resistivity magnitude near the surface as a result of the limited depth resolution is obvious. This distortion also leads to a weaker phase image.
A second synthetic study involves a more complex CR anomaly within a horizontally layered background. In this example we simulate measurements over a conductive complex resistivity anomaly, see Figure 9 , using the same layout as given by Array A and B. The anomaly of enhanced conductivity is irregularly shaped within the y-z plane and extends for roughly 7 m along the x-axis. The x-axis is oriented parallel to Array A (at y=0 m) and Array B (at y=-6 m).
Using a proper gradient weighting function, it is intended to demonstrate that reasonable resolution over a 3-D volume can still be obtained from the relatively sparse two-profile layout.
The gradient weighting function with the 3-D weighting parameter distribution is illustrated in Figure 12 has a relatively weak imaginary conductivity anomaly, the anomaly's location is clearly improved, compared to the non-weighting result.
Despite the sparse data coverage, the focusing behavior of the gradient weighting helps to reproduce the true depth of the anomaly. We will employ a similar gradient weighting function in the following field data inversions.
Computational aspects of field data inversions
The computational FD grid size used for the environmental field data inversions is 13287149 (~1.7 million) cells. Each forward solution (including the adjoint solutions for gradient calculation) employed 125 CPUs of a parallel cluster with an Intel® Xeon™ architecture, CPUspeed 3.6 GHz. We used a total of 250 CPUs. The computing requirements for 10 3-D inversion iterations of the Rifle data, involving 52 transmitter activations, are 1404 BICG forward solutions, also including the adjoint solutions required for gradient calculation. The average BICG solution time was 9 seconds. This amounts to 3.5 hours total computing time. As noted above, the forward calculations involve the computationally more efficient solution of the Poisson equation. In comparison, solving the Maxwell equations in the forward problems, using a QMR solver, required an average solution time of 73 seconds, amounting to 24.3 hours of total computing time for 10 inversion iterations.
Inversion of data from a bioremediation monitoring experiment
In this study, we also employ the 2-D solution in order to compare with time-lapse trends observed in the 3-D solution. Vertical transects generated by the 3-D and 2-D solutions for resistivity magnitude and phase are shown in Figures 13 and 14 , respectively. For a given recording time (t0 to t4), the 3-D images are produced from jointly inverting the data sets of both profiles, while the 2-D images are created by inverting each profile data set separately. Note that no measurements were made along Array B for the time t1. We obtained similar image solutions for the three different frequencies. Here, we present the results of the frequency f=1 Hz, because this data set showed the lowest overall data error in terms of the reciprocal measurements. For an image comparison, real and imaginary conductivities of the 3-D solution were converted to resistivity magnitude and phase values. We are primarily interested in comparing time-lapse resistivity magnitude and phase trends between both methods. Hence, we run all 3-D inversions for only ten inversion iterations. This avoids extreme overshoots when converting to resistivity and phase images, however results in worse data fits compared to the 2-D solutions. Table 2 lists the data fitting errors calculated from the starting model and the final images of each method.
For a comparison made independent of each algorithm's internal data weighting scheme, the relative percentage error (14) is employed. This measure quantifies the absolute values of the unfitted part of the data as a percentage of the summed (and absolute) observation values. The stopping condition for the 2-D solution was given by a drop of the relative RMS error below the limit value of 0.02. All solutions achieve a satisfactory error level for the resistance magnitudes, while the phase data misfits are consistently larger, however can be decreased significantly with respect to the initial fits. The solutions are consistent in two aspects. First, the phase images below a depth of 2 m show relatively strong responses for the times from t0 to t2 and drop afterwards. Second, during t0 and t2 the phase responses are weaker below Array B than below Array A. While the resistivity magnitudes || remain relatively constant over the whole measurement time interval, the 3-D solution indicates a slight shift of the maximum of || towards Array B.
Interpretation of observed phase responses
The impact of acetate amendment, starting after time t0, on the SIP signals is interpreted here based on the common phase trends observed by using both image solutions. A particular outcome of the 2007 stimulation experiment was that, following acetate injection, the phase response of the sediments exhibited only modest changes relative to baseline conditions. As documented by the borehole data in Figure 
Conclusions
We have successfully adapted a 3-D imaging algorithm for industrial-sized controlled-source EM data sets, as they are typical in oil and gas exploration, to treat surface SIP data sets. The algorithm's parallel architecture as well as its grid separation scheme make efficient use of today's scientific computing resources.
SIP measurements generated by frequencies above 10 Hz can contain significant inductive coupling effects. The mineral exploration synthetic case provided a demonstration of the effects on an imaging solution if not taken into account. EM coupling can be removed by appropriate preprocessing procedures. However, the success of such methods strongly depends on a reasonable knowledge of the background conductivity in an inversion, which might be timeconsuming to acquire as well. Therefore, we believe that solving the full Maxwell's equations in the forward modeling operator is important in interpreting high-frequency SIP data in a rigorous way. The rapid development in computing technology is a good indicator that the high computing costs for voluminous data sets reported here can be expected to decrease reasonably in the near future.
The SIP method has the potential of monitoring mineralogical and geochemical changes accompanying subsurface processes related to the remediation of mine wastes and bio-stimulated contaminant degradation in a minimally invasive way. A rigorous treatment in 3-D is important in order to treat arbitrary arrays of current and receiver electrodes over complex geological strata. Both the synthetic and field data studies have demonstrated that with adequate computing resources, our imaging solution, initially developed for large-scale hydrocarbon and geothermal energy exploration tasks, large amounts of (time-lapse) SIP data from 3-D surveys can be processed within reasonable timeframes.
The inversion of the field data and comparisons of the phase trends with an established 2-D solution indicate that our inversion approach is capable of yielding assessments of time varying phase and resistance magnitude signals collected during future IP and SIP monitoring applications. The ability to extend the inversion approach to three dimensions greatly extends the range of applications and previously reported results (Williams et al., 2009) . The survey layout of the data treated here is characterized by a relatively low depth resolution, i.e. longer profile lengths would be necessary to increase depth resolution. However, we were able to increase the resolution properties by an appropriate gradient weighting scheme, which can be tailored to achieve lateral and/or vertical resolution enhancement. The synthetic studies on the Rifle data set
show that the focusing effect of the gradient weighting scheme basically addresses the nonuniqueness issue of typically over-parameterized 3-D inverse problems.
, the reader is referred to . Table 2 : Fitting errors for the data components resistance magnitude |R| and phase. Errors are given in percent, using equation 11. The entries are given by the pairs |R| / phase. Compared are initial and final data fits between the 2-D and 3-D solutions. Note that before error calculation real and imaginary electric field data obtained from the 3-D solution were converted to |R| / phase values. Also, the 2-D solution starts with a zero phase guess, hence the initial phase fitting error is 100 percent. The exponential function behavior with depth is plotted for two gradient weighting functions, f 1 and f 2 (equations 9 and 10), and their combination f. Here, the function parameter is a=0.1 for both f 1 and f2. To obtain a lateral focusing behavior, the combined function f can be applied the same way to a horizontal coordinate. (Kemna, 2000) . Panels (g) and (h) show our 3-D solution using the vertical gradient weighting. The solutions in panels (i) and (j) were obtained without gradient weighting. Figure 15: Spatiotemporal change in groundwater Fe(II) and acetate molar concentrations following acetate injection; elapsed time refers to the start of acetate injection. Data from downgradient wells D01-D04 and D09-D12 were chosen, as they are located along transects Array A and B, respectively ( Figure 6 ). Sample points corresponding to the SIP acquisition dates specified in Ernest Orlando Lawrence Berkeley National Laboratory is an equal opportunity employer.
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